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For collecting DT imaging (DTI) data on a MR scanner, the Stejskal-Tanner sequence [1, 2, 3, 4] is typically used. Since we are dealing with water (uncharged molecules), the diffusion tensor is symmetric positive semidefinite -at least in the absence of noise. Therefore we know that the eigenvectors of the diffusion tensor form an orthogonal basis for the diffusion in each voxel and that the eigenvalues are positive. The diffusion is dominant in the direction corresponding to the largest eigenvalue (principal diffusion direction). One common way of visualizing both the eigenvectors and the eigenvalues in # $ is to let the eigenvectors be the basis of an ellipsoid where the distance from the center to the surface in each basis-direction is equal to the eigenvalue of that eigenvector.
Problem description
Considering the increasing number of reports on DTI post-processing research we observe that most of them apply their methods only to real data, acquired from human or animal test-subjects [4, 5] . This approach is hampered with the following problems: (i) the true anatomy of each imaged subject is not known in detail, (ii) there is little control of the noise introduced by the scanning-process, (iii) cost of scanner time is usually high, (iv) it is difficult to compare methods and results from different studies since the test-data has been acquired on different MR scanner hardware, often using different imaging protocols, and finally, (v) the test-data is collected from different subjects, each having unique characteristics in gross anatomy and tissue micro-architecture.
In order to reduce these problems we have developed a synthetic DTI dataset with known geometric and signal properties from the ground up. Other related work include [1, 2] . [2] uses a parameterized helix as an example, but does not generate a full DTI dataset. Similarly, [1] defines a general model in terms of convolution for direct use in fiber-tracking [5] . Our process supports both of these models (we also examine a helix model), as well as describe a sampling procedure (where realistic noise can be added) and the diffusion tensor calculation.
In this work we specify two 3D geometric models characterized by anisotropic Gaussian diffusion. We sample these models and generate output similar to those obtained from MR scanners. Both our procedure and the MR scanner gives, by simple calculations, apparent diffusion coefficients along each gradient direction as output. From this output we calculate the diffusion tensor efficiently and use the diffusion tensors to generate several common measures and visualizations describing Gaussian water diffusion.
Geometric model
A model must describes how water diffuse in the synthetic dataset. For simplicity we have in this work considered only two very basic models. However, more complex models are easily accommodated in the same framework.
The geometric models
A model must for each voxel provide an orthogonal set of directions of water diffusion as well as a measure of the amount of diffusion in each of these directions. We will in this work consider two separate models with different geometric properties. In the rest of this work we let subindices such as
The double arch
The double arch model demonstrates a known phenomenon that can be observed in real applications. If two fibers (or fiber-bundles), which may originate from different parts of the brain, approach each other and run alongside tangentially, we say that they are "kissing". Kissing fibers is a pathological case in fiber tracking, because small amounts of noise introduced into the datasets may cause fiber tracking-algorithms to believe that the fibers are crossing and thus reconstruct wrong fiber trajectories for any or both of the fiber-bundles in question.
In this model we let the orientation of the diffusion basis be as follows: if I is a voxel (and
), then we let the model return the direction
. This model gives a single direction at each voxel, corresponding to the direction of principal diffusion.
We now expand this direction into an orthogonal basis by setting x r s I v
, selecting e to be orthogonal to and be in the . This model then displays constant anisotropy throughout the volume. The diffusion ellipsoid is now uniquely defined for each voxel. 
The helix
We now consider the model described by a parameterized helix. This model was chosen because it allows experimentation with various degrees of curvature by simple adjustment of the radius of the helix. This is desirable when for instance the model is used to explore fiber-tracking algorithms.
The center-curve of the helix is defined as the vector-valued function . This allows the model to display isotropic diffusion outside the helix and anisotropic inside it.
Sampling the model
In the following we let are analogous to the output produced by an MR scanner equipped with a diffusion tensor pulse sequence. Next, we describe the diffusion tensor calculation.
Computing the diffusion tensors
The general form of the Stejskal-Tanner equations [4] describes, for each voxel, anisotropic diffusion of water molecules as:
. This set of equations defines the relationship between (i) the observed diffusion-weighted signal intensity,
obtained from the DTI image acquisitions (or, from the synthetic sampling procedure presented above), (ii) the observed signal intensity, 
